Introduction
============

In climate change research there is increasing interest to consider not only the obvious impact of changing temperatures on biodiversity, but also fluctuations in rainfall and humidity ([@msv349-B9]; [@msv349-B18]; [@msv349-B12]). Changes in water availability pose specific challenges to terrestrial ectotherms such as insects, impacting activity, range distributions, species richness, and disease vector populations (reviewed in [@msv349-B14], and references therein). Efforts to understand the responses of insects to water availability are underway, given that physiological responses are an integral component of predicting species responses to climate change ([@msv349-B14]; [@msv349-B42]). Insect water balance physiology is relatively well elucidated ([@msv349-B38]; [@msv349-B13]; [@msv349-B10]), and the field is undergoing a crucial shift toward understanding the molecular underpinnings, largely achieved through high-throughput and transgenic technologies in *Drosophila*.

Insects can lose water from the epicuticle, through respiration via the spiracles or across the gut epithelia ([@msv349-B38]). *Drosophila* balance water via three main mechanisms: Altering water content, slowing water loss rate, and less commonly tolerating water loss ([@msv349-B36]; [@msv349-B35]). Water retention appears to be the primary mechanism for withstanding desiccation in highly resistant cactophilic *Drosophila* ([@msv349-B36]), as well as in *Drosophila melanogaster* ([@msv349-B84]). How water is preserved, however, is highly variable depending on the species and/or genetic background. Cactophilic species have repeatedly colonized arid habitats via reduced metabolic rates that stem respiratory and cuticular water loss and extend energy utilization ([@msv349-B36]; [@msv349-B65]), while in the laboratory, water retention and sequestration arise from multiple evolutionary pathways less clearly related to metabolic rate ([@msv349-B40]), often acting in concert ([@msv349-B40]; [@msv349-B26]; [@msv349-B31]; [@msv349-B84][@msv349-B83]). Less resolved is the role of respiratory relative to cuticular water loss via discontinuous gas exchange, although this might be an important water budget strategy for insects in general ([@msv349-B14]).

Recent candidate gene-based approaches have seen new developments in understanding specific molecular aspects of this variable ecological trait in *Drosophila.* Diuretic peptide signaling in ion and water balance regulated by excretion via the Malpighian tubules (MTs) and gut absorption has been shown to impact desiccation resistance in *D. melanogaster* ([@msv349-B50]; [@msv349-B85], [@msv349-B86], [@msv349-B87]). Specifically, knockdown of the *Capability* (*Capa*) neuropeptide gene enhanced desiccation resistance by reductions in respiratory, cuticular, and excretory water loss, while also cross-conferring cold tolerance ([@msv349-B87]). Cuticular hydrocarbon (CHC) levels are also implicated; a single gene encoding a fatty acid synthase *mFAS* was shown to impact both desiccation resistance and mate choice in Australian rainforest endemics *Drosophila serrata* and *Drosophila birchii* ([@msv349-B15]). In *D. melanogaster*, knockdown of *CYP4G1* also reduced CHC production and impaired survival under low humidity ([@msv349-B71]). Metabolic signaling has also been shown to impact desiccation resistance, and includes components of the insulin signaling pathways ([@msv349-B78]; [@msv349-B60]). Several other single gene studies highlight different mechanisms such as desiccation avoidance in larvae via nociceptors encoded by members of the transient receptor potential (TRP) aquaporin family ([@msv349-B49]), cyclic adenosine monophosphate (cAMP)-dependent signaling protein kinase *desi* ([@msv349-B52]), and potential tissue protection via trehalose sugar accumulation ([@msv349-B88]).

Collectively, these functional approaches highlight the complexity of insect water balance strategies in controlled backgrounds, but do not explain the variation observed in natural populations and species. Resistance evolves rapidly and is highly heritable (up to 60%) in the cosmopolitan and unusually resistant species *D. melanogaster*, whereas heritability is much lower in less tolerant range-restricted species ([@msv349-B41]; [@msv349-B53]). Multiple, genome-wide quantitative trait loci were identified from mapping lines constructed from a natural *D. melanogaster* population, suggesting a polygenetic architecture ([@msv349-B30]). Transcriptomics revealed differential regulation of thousands of genes in response to desiccation in *Drosophila mojavensis* ([@msv349-B66]), while artificial selection for desiccation resistance altered the basal expression of over 200 genes in *D. melanogaster* ([@msv349-B79]).

Previously, we used microarray-based genomic hybridization to survey allele frequency shifts in experimental evolution lines of *D. melanogaster* recently derived from the field ([@msv349-B83]). We documented shifts in over 600 loci in response to selection for desiccation resistance following a rapid phenotypic response after only 8 generations of selection. This variant identification approach was limited to highlighting candidate genes and regions, and not actual nucleotide polymorphisms apart from those sequenced post hoc. We now expand on this to further explore the unresolved natural genomic complexity of desiccation resistance using a high-throughput sequencing Pool-GWAS (genome-wide association study) approach ([@msv349-B7]). In a GWAS framework for polygenic traits where many small effect genes contribute to a phenotype, a large sample size is required for adequate power ([@msv349-B64]). Accordingly, we sampled natural genetic variation from almost 1,000 inseminated wild-caught females, and compared the upper 5% desiccation resistant tail from almost 10,000 F~1~ progeny with a control sample chosen randomly from the same progeny set. Harnessing the power of Pool-GWAS, we sequenced a pool of 500 natural "resistant" genomes and compared allele frequencies with a pool of 500 "random control" genomes.

We employed a novel comparative approach with the resulting set of candidate loci and those detected in our previous artificial selection study of flies collected several seasons earlier from the same region of southeastern Australia ([@msv349-B83]). Cross-study repeatability of loci associated with complex phenotypes is often low ([@msv349-B73]), and can be influenced by genetic background, selection intensity, epistatic effects, and gene-by-environment interactions ([@msv349-B64]; [@msv349-B17]). Multiple genetic solutions appear to underlie the array of desiccation responses, and we further explored this by investigating overlap at the level of individual genes, functional gene ontology (GO) categories, and protein--protein interaction (PPI) networks. Genetic variants contribute to final phenotypes by way of "intermediate phenotypes" (transcript, protein, and metabolite abundances) and correlations should theoretically occur across these biological scales ([@msv349-B17]).

Here we report on a screen of natural nucleotide variants associated with desiccation resistance and, using a powerful analysis approach, demonstrate common cross-study signatures across different hierarchical levels from gene, to network, and function. We found evidence that some functional desiccation candidates may be important in wild populations, and discovered variants linked to multiple physiological responses, consistent with the trait's complex underpinnings at both the physiological and molecular levels.

Results
=======

Genome Wide Differentiation for Natural Desiccation Resistance
--------------------------------------------------------------

We collected over 1,000 *D. melanogaster* isofemale lines from southern Australia, and after one generation of laboratory culture screened over 9,000 female progeny for desiccation resistance. The top ∼5% desiccation-resistant flies were selected for Illumina sequencing (∼500 flies), together with a random sampling of the same number of flies from the families as the "control" pool. Our design incorporated a subpooling (technical replicate) strategy to both optimize Pool-seq allele frequency estimates and control for technical bias on allele frequency estimates (see Materials and Methods). For the control and desiccation-resistant samples respectively, 162M--259M and 188M--289M raw reads were obtained per technical replicate, and an average of 95.0% of reads mapped to the reference genome after trimming (mean of all 10 replicates; standard deviation \[SD\] 0.5%).

Variance in allele frequency among the five technical replicates for each pool was low ([supplementary fig. S1](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1), [Supplementary Material](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1) online; mean across control replicates: 0.0028, median: 0.0015; mean across resistant replicates: 0.0027, median: 0.0016), corresponding to a mean SD of ∼4.5% around the mean allele frequency. The mean pairwise difference in allele frequency estimates was 5.5% and 5.4% for control and desiccation-resistant replicates respectively, consistent with previously published estimates (4--6%; [@msv349-B54]).

For a test subset of 1,803 randomly sampled single nucleotide polymorphisms (SNPs) that showed no significant differentiation between control and desiccation-resistant pools, the replicates accounted for the majority of total variance in allele frequency. Replicates within pool category (control vs. desiccation resistant; [supplementary fig. S1](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1), [Supplementary Material](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1) online) explained between 15% and 100% (mean: 87%; median: 93%) of what was a relatively low total variance (mean: 0.0029, median: 0.0019). The mean concordance correlation coefficient was 0.98 for each pool category, higher than a comparable *Drosophila* study that reported a correlation of 0.898 between 2 replicates with 20 individuals ([@msv349-B99]). We therefore combined the technical replicates into a single control and resistant pool respectively for further analyses. After processing, the mean coverage depth across the genome was 487× and 568× per sample, respectively (equivalent to 0.97× and 1.1× per individual in the pools of 500 flies).

Allele Frequency Changes
------------------------

The allele frequencies of 3,528,158 SNPs were compared between the 2 pools using Fisher's exact tests with a permutation-based false discovery rate (FDR) correction chosen based on the top 0.05% of the simulated null *P* values. Six hundred forty-eight SNPs were differentiated between desiccation resistant and control pools ([fig. 1](#msv349-F1){ref-type="fig"} and [supplementary table S1](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1), [Supplementary Material](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1) online). The SNPs were nonrandomly distributed across chromosomes (*X*${}_{4}^{2} =  $43.12, *P* \< 0.0001), highly abundant on the X chromosome (*X*${}_{1}^{2} =  $36.98, *P* \< 0.0001), while SNPs were underrepresented on both 2L and 3L (2L: *X*${}_{1}^{2} =  $6.41, *P* \< 0.01; 3L: *X*${}_{1}^{2} =  $3.97, *P* \< 0.05). In the desiccation pool, the allelic distribution of the 648 SNPs ranged from low to fixed (4--100%; [fig. 1*B*](#msv349-F1){ref-type="fig"} and [supplementary table S1](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1), [Supplementary Material](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1) online). The increase in frequency of the favored "desiccation" alleles compared with the controls ranged from 3% to 41%, (median increase 14%; [supplementary table S1](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1), [Supplementary Material](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1) online), where the largest shifts tended to occur in common intermediate frequencies ([fig. 1*B*](#msv349-F1){ref-type="fig"}). F[ig]{.smallcaps}. 1.(*A*) Manhattan plot of genome-wide *P* values for differentiation between desiccation-resistant and random control pools, shown for the entire genome where each point represents one SNP. SNPs highlighted in red showed differentiation above the 0.05% threshold level determined from the null *P* value distribution (see text for details); SNPs highlighted in blue were above the 0.05% threshold and also detected in [@msv349-B83]. (*B*) Standing allele frequency in the control pool plotted against the frequency change in the selected pool for the 648 differentiated SNPs (FDR 0.05%).

Inversion Frequencies
---------------------

To test whether inversions were associated with desiccation resistance, allele frequencies were checked at SNPs diagnostic for the following inversions: In(3R)P ([@msv349-B2]; [@msv349-B51]); In(2L)t ([@msv349-B3]; [@msv349-B51]); In(2R)NS, In(3L)P, In(3R)C, In(3R)K, and In(3R)Mo ([@msv349-B51]). In(3L)P, In(3R)K, and In(3R)Mo were not detected in this population, and for all other inversions investigated, the control and desiccation-resistant pool frequencies did not differ more than 6%.

Genomic Distribution
--------------------

We examined these candidates using a comprehensive approach encompassing SNP, gene, functional ontology, and network levels. First, we examined SNP locations with respect to gene structure and putative effects of SNPs on genome features. The 648 SNPs mapped to 382 genes and were largely noncoding (79%; [supplementary table S2](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1), [Supplementary Material](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1) online). Coding variants comprised nearly 15% of candidate SNPs; largely synonymous substitutions and the remainder nonsynonymous missense variants predicted to result in amino acid substitution with length preservation (9% and 1.4%; [supplementary table S2](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1), [Supplementary Material](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1) online). Based on proportions of features from all annotated SNPs compared with the candidates, intron variants were significantly underrepresented (*X*${}_{1}^{2} =$7.06, *P* \< 0.01; [supplementary table S2](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1), [Supplementary Material](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1) online), while SNPs were enriched in 5′UTRs, 5′UTR premature start codon sites, and splice regions (*X*${}_{1}^{2} =  $8.20, *P* \< 0.01; *X*${}_{1}^{2} =  $31.24, *P* \< 0.0001; *X*${}_{1}^{2} =  $6.40, *P* \< 0.05, respectively; [supplementary table S2](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1), [Supplementary Material](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1) online).

GO Functional Enrichment
------------------------

For the GO analyses, we found no overrepresented terms using the stringent Gowinda gene mode, but identified several categories using SNP mode with a 0.05% FDR threshold. GO terms were enriched for the broad categories of "chromatin," "chromosome," and more specifically "double-stranded RNA binding," although significance of this category was due solely to nine differentiated SNPs in the *DIP1* gene. The term "gamma-secretase complex" was also enriched due to three SNPs in the *pen-2* gene.

Desiccation Candidate Genes
---------------------------

[@msv349-B14] comprehensively summarized the primary mechanisms underpinning desiccation resistance, from the critical first phase of stress sensing and behavioral avoidance, to the manifold physiological trajectories available to counter water stress. These include water content variation, water loss rates (desiccation resistance), and tolerance of water loss (dehydration tolerance). We expanded on this review to incorporate recent molecular research and summarized the primary mechanisms and known candidate genes relevant to *D. melanogaster* stress sensing and water balance ([table 1](#msv349-T1){ref-type="table"} and references therein). Informed by this body of work, we applied a "top-down" mechanistic approach to screening desiccation candidate genes in our data (e.g., from initial hygrosensing to downstream key physiological pathways; [table 1](#msv349-T1){ref-type="table"}). We did not observe differentiation in SNPs mapping to the TRP ion channels, the key hygrosensing receptor genes. However, we did map SNPs to genes involved in stress sensing specific to the MT fluid secretion signaling pathways, including two of the six cAMP and cyclic guanosine monophosphate (cGMP) signaling phosphodiesterases *dnc* and *pde9*, as well as *klu*, indicated in *NF-kB* ortholog signaling in the renal tubules ([table 1](#msv349-T1){ref-type="table"}). A number of the stress-sensing SAPK pathway genes were differentiated ([table 1](#msv349-T1){ref-type="table"}). Key genes involved in the insulin signaling pathway implicated in metabolic homeostasis and water balance were also differentiated, including the insulin receptor *InR* and insulin receptor binding *Dok* ([table 1](#msv349-T1){ref-type="table"}). Table 1.Summary of Primary Molecular Responses and Candidate Genes for Desiccation Response Mechanisms Identified in the Literature.MechanismMolecular FunctionGenesCurrent Study (F~1~ wild-caught)[@msv349-B83]) (F~8~ artificial selection)Hygrosensing: Sensory moisture receptors (antennae, legs, gut, mouthparts)    Temperature-activated transient receptor potential ion channels[^b^](#msv349-TF3){ref-type="table-fn"},[^c^](#msv349-TF4){ref-type="table-fn"},[^d^](#msv349-TF5){ref-type="table-fn"}TRP ion channels*trpl*, *trp*, *Trpγ*, *TrpA1*, *Trpm*, *Trpml*, *pain*, *pyx*, *wtrw*, *nompC*, *iav*, *nan*, *Amo*---*trpl****Stress sensing: Malpighian tubules (principal cells)***Tubule fluid secretion signaling pathways    cAMP signaling[^e^](#msv349-TF6){ref-type="table-fn"},[^f^](#msv349-TF7){ref-type="table-fn"}^,^[^g^](#msv349-TF8){ref-type="table-fn"}cAMP activation*Dh44-R2*------    cGMP signaling[^e^](#msv349-TF6){ref-type="table-fn"},[^f^](#msv349-TF7){ref-type="table-fn"}^,^[^g^](#msv349-TF8){ref-type="table-fn"}cGMP activation*Capa, CapaŖNplp1-4*------Receptors*Gyc76c*, *CG33958, CG34357*---*CG34357*Kinases*dg1*-2------    cAMP + cGMP signaling[^e^](#msv349-TF6){ref-type="table-fn"},[^f^](#msv349-TF7){ref-type="table-fn"}^,^[^g^](#msv349-TF8){ref-type="table-fn"}^,^[^h^](#msv349-TF9){ref-type="table-fn"}Hydrolyzing phosphodiesterases*dnc, pde1c, pde6, pde9, pde11[dnc]{.ul}, [pde9]{.ul}[dnc]{.ul}, pde1c, [pde9]{.ul}, pde11*    Calcium signaling[^e^](#msv349-TF6){ref-type="table-fn"},[^g^](#msv349-TF8){ref-type="table-fn"}Calcium-sensitive nitric oxide synthase*Nos*---*Nos*    *Desiccation specific*Diuretic neuropeptide, NFkB signaling[^i^](#msv349-TF10){ref-type="table-fn"},[^j^](#msv349-TF11){ref-type="table-fn"}^,^[^k^](#msv349-TF12){ref-type="table-fn"}*Capa*, *CapaR*, *trpl*, *Relish, klu[klu]{.ul}[klu]{.ul}*, *trpl*Anti-diuretic/neuropeptide[^l^](#msv349-TF13){ref-type="table-fn"}*ITP, sNPF*, *Tk*---*ITP, sNPF*Stress sensing: Stress responsive pathway    Stress activated protein kinase pathway[^m^](#msv349-TF14){ref-type="table-fn"},[^n^](#msv349-TF15){ref-type="table-fn"}MAPK Jun kinase*Aop*, *Aplip1, Atf-2, bsk, Btk29A, cbt*, *Cdc 42*, *Cka*, *cno*, *CYLD*, *Dok*, *egr*, *Gadd45*, *hep*, *hppy*, *Jra*, *kay*, *medo*, *Mkk4*, *msn*, *Mtl*, *Pak*, *puc*, *pyd*, *Rac 1-2*, *Rho1*, *shark*, *slpr*, *Src42A*, *Src64B*, *Tak1*, *Traf6Aop*, *Dok*, *hep̧kay*, *msn*, *[Mtl]{.ul}*, *puc*, *Rac1*, *Src64B[Mtl]{.ul}*, *slpr*Metabolic homeostasis and water balance    Components of insulin signaling pathwayReceptor[^o^](#msv349-TF16){ref-type="table-fn"},[^p^](#msv349-TF17){ref-type="table-fn"}*InRInR---*Receptor binding*chico*, *IIp1-8*, *dock*, *Dok*, *polyDokPoly*Resistance mechanisms: Water loss barriers    Cuticular hydrocarbonsFatty acid synthases[^q^](#msv349-TF18){ref-type="table-fn"}, desaturases^r^, transporter^s^, oxidative decarbonylase^t^*CG3523, CG3524 desat1-2, FatP, Cyp4g1CG3523*---Primary hemolymph sugar/tissue-protectant    Trehalose metabolismTrehalose-phosphatase[^b^](#msv349-TF3){ref-type="table-fn"},^u^, trehlase activity[^b^](#msv349-TF3){ref-type="table-fn"},^u^, phosphoglycerate mutase*Tps1*, *Treh*, *Pgm*, *CG5171*, *CG5177*, *CG6262*, *crcTreh*, *Pgm*---[^2][^3][^4][^5][^6][^7][^8][^9][^10][^11][^12][^13][^14][^15][^16][^17][^18][^19][^20][^21][^22][^23]

Network Analysis: Modeling Genomic Differentiation for Desiccation in a PPI Context
-----------------------------------------------------------------------------------

Given the genomic complexity underpinning desiccation resistance, we also implemented a higher-order analysis to provide an overview of potential architectures beyond the SNP and gene levels using PPI networks. The SNPs mapped to 382 genes which were annotated to 307 seed proteins occurring in the full background *D. melanogaster* PPI network. The seed proteins produced a large first-order network with 3,324 nodes and 51,299 edges.

To determine if broader functional signatures could be ascertained from the complex network, we employed functional enrichment analyses on the 3,324 nodes ([table 2](#msv349-T2){ref-type="table"} and [supplementary table S3](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1), [Supplementary Material](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1) online). Strikingly, the network was enriched for pathways involved in gene expression, from transcription through RNA processing to RNA transport, metabolism, and decay ([table 2](#msv349-T2){ref-type="table"}). The network analysis also revealed further complexity of the stress response with enrichment of proteins involved in regulating innate insect immunity ([table 2](#msv349-T2){ref-type="table"}), where multiple pathways were overrepresented including cytokine, interleukin, and toll-like receptor signaling cascades ([table 2](#msv349-T2){ref-type="table"}). Developmental/gene regulation signaling pathways were significant in the pathway analysis; the KEGG database showed enrichment for Notch and Mitogen-activated protein kinase (MAPK) signaling, while insulin and NGF pathways were highlighted from the Reactome database ([table 2](#msv349-T2){ref-type="table"}). Table 2.Pathway Enrichment of the GWAS and Telonis-Scott et al. First-Order PPI Networks Investigated Using FlyMine (FDR *P* \< 0.05).Current Study: GWAS[@msv349-B83]Database**PathwayPathway**KEGGRibosomeRibosomeNotch signaling pathwayNotch signaling pathwayMAPK signaling pathwayDorso-ventral axis formationProgesterone-mediated oocyte maturationWnt signaling pathwayEndocytosisProteasomeReactome**Immune systemImmune system***Adaptive immune systemAdaptive immune systemInnate immune systemInnate immune systemSignaling by interleukinsSignaling by interleukins*(*Toll-like receptor cascades*)*Toll-like receptor cascadesTCR signaling*(*B cell receptor signaling*)**Gene expressionGene expression***Metabolism of RNAMetabolism of RNANonsense-mediated decayNonsense-mediated decayTranscriptionmRNA processing*(*RNA transport*)**Metabolism of proteins(Metabolism of proteins)***Translation*(*Translation*)Cell cycleCell cycle*Cell cycle checkpointsRegulation of mitotic cell cycleMitotic metaphase and anaphaseG0 and early G1G0 and early G1G1 phase(G1/S transition)G2/M transition*(*DNA replication/S phase*)***DNA repair***Double-strand break repair**Signaling pathwaysSignaling pathways***Insulin signaling pathwaySignaling by NGFSignaling by NGFSignaling by FGFRSignaling by NOTCHSignaling by WntSignaling by EGFR***Development***Axon guidance***Membrane trafficking***Gap junction trafficking and regulation***Programed cell death***Apoptosis***Hemostasis***Hemostasis*[^24]

Common Signatures of Desiccation Resistance across Studies
----------------------------------------------------------

The key finding of this study is the degree of genomic overlap with our previous mapping of alleles associated with artificially selected desiccation phenotypes ([@msv349-B83]). Although the flies were sampled from comparable southeastern Australian locations, the study designs were different. Specifically, the earlier study focused on resistance generated by artificial selection, whereas this study focused on natural variation in resistance. Despite the differences in study design, we identified 45 genes common to both studies out of the 382 and 416 genes for the current and 2012 study, respectively (Fisher's exact test for overlap, *P* \< 2 × 10^−16^, odds ratio = 5.90; [supplementary table S4](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1), [Supplementary Material](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1) online). Bearing gene length bias in mind, we examined the average length of genes in both studies as well as the gene overlap to the average gene length in the *Drosophila* genome ([supplementary fig. S3](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1), [Supplementary Material](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1) online). Although there was bias toward longer genes in the overlap list, this was also apparent in the full gene lists from both studies.

The overlap genes mapped to all of the major chromosomes and their differentiated variants were mostly noncoding SNPs located in introns ([supplementary table S4](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1), [Supplementary Material](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1) online). Two SNPs were synonymous (*Strn-Mlick* coding for a protein kinase and *Cht7* chitin binding; [supplementary table S4](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1), [Supplementary Material](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1) online) while a 3′UTR variant was predicted to putatively alter protein structure in a nondisruptive manner, most likely impacting expression and/or protein translational efficiency (*jbug*, response to stimulus; [supplementary table S4](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1), [Supplementary Material](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1) online). One nonsynonymous SNP was predicted to alter protein function as a missense variant (*fab1*, signaling; [supplementary table S4](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1), [Supplementary Material](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1) online). The increase in frequency of the favored desiccation alleles compared with the controls ranged from 5% to 27% with a median increase of 16.4%.

Despite the strong overlap, there were important differences between the two studies. For example, our previous work revealed evidence of a selective sweep in the 5′ promoter region of the *Dys* gene in the artificially selected lines, and we confirmed a higher frequency of the selected SNPs in an independent natural association study in resistant flies from Coffs Harbour ([@msv349-B83]). In this study, we found no differentiation at the *Dys* locus between our resistant and random controls. However, both resistant and control pools had a high frequency of the selected allele detected in [@msv349-B83] ([supplementary table S5](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1), [Supplementary Material](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1) online).

The 45 genes common to both studies were analyzed for biological function; while many genes are obviously pleiotropic (i.e., assigned multiple GO terms), almost half were involved in response to stimuli (cellular, behavioral, and regulatory), including signaling such as Rho protein signal transduction and *cAMP*-mediated signaling ([table 3](#msv349-T3){ref-type="table"}). Other categories of interest include spiracle morphogenesis, sensory organ development including development of the compound eye and stem cell, and neuroblast differentiation ([table 3](#msv349-T3){ref-type="table"}). Table 3.Overrepresentation of GO Categories for the 45 Core Candidate Genes Overlapping between the Current and Our Previous ([@msv349-B83]) Genomic Study.Term IDTerm/SubtermsFDR *P* value^a^GenesCellular/behavioral response to stimulus, defense, and signaling    GO:0050896Response to stimulus (cellular response to stimulus, regulation of response to stimulus)0.007*Abd-B*, *dnc*, *fz*, *mam*, *nkd*, *slo*, *ct*, *fru*, *klu*, *Rbf*, *klg*, *santa-maria*, *jbug*, *fab1*, *CG33275*, *Mtl*, *Trim9*, *cv-c*, *Gprk2*, *Ect4*, *CG43658*    GO:0048585Negative regulation of response to stimulus (Rho protein signal transduction, signal transduction)0.042*dnc*, *mam*, *slo, fru*, *Trim9*, *cv-c*    GO:0023052Signaling (cAMP-mediated signaling, cell communication)0.031*Amph*, *Pde9*, *dnc*, *fz*, *mam*, *nkd*, *ct*, *klu*, *Rbf*, *santa-maria*, *fab1*, *CG33275*, *Mtl*, *Trim9*, *cv-c*, *Gprk2*, *Ect4*, *CG43658*Development    GO:0048863Stem cell differentiation0.014*Abd-D*, *mam*, *nkd*, *klu*, *nub*    GO:0014016Neuroblast differentiation0.048    GO:0045165Cell fate commitment0.010*Abd-D*, *dnc*, *fz*, *mam*, *nkd*, *ct, klu*, *klg*, *nub*    GO:0035277Spiracle morphogenesis, open tracheal system0.010*Abd-D*, *ct*, *cv-c*    GO:0007423Sensory organ development (eye, wing disc, imaginal disc)0.008*fz*, *mam*, *ct*, *klu*, *klg*, *sdk*, *Amph*, *Nckx30c*, *Mtl*    GO:0048736Appendage development0.020*fz*, *mam*, *ct*, *fru*, *CG33275*, *Mtl*, *Fili*, *nub*, *cv-c*, *Gprk2*, *CG43658*    GO:0007552Metamorphosis0.001*fz*, *mam*, *ct*, *fru*, *CG33275*, *Mtl*, *Fili*, *cv-c*, *Gprk2*, *CG43658*Cellular component organization    GO:0030030Cell projection organization0.020*dnc*, *fz*, *ct*, *fru*, *GluClalpha*, *Nckx30c*, *Mtl, Trim9*, *nub*, *cv-c*[^25][^26]

With regard to specific stress response/desiccation candidates ([table 1](#msv349-T1){ref-type="table"}), 4 of the 45 genes overlapped, including the cAMP/cGMP signaling phosphodiesterases *pde9* and *dnc*, MAPK pathway genes *Mtl* and *klu*, indicated in *NF-kB* orthologue signaling in the renal tubules ([table 1](#msv349-T1){ref-type="table"}). Furthermore, there was overlap among mechanistic categories where different genes in the same pathways were detected. For example, additional key cAMP/cGMP hydrolyzing phosphodiesterases *pde1c* and *pde11* were significant in [@msv349-B83], as well as *slpr* (MAPK pathway) and *poly* (insulin signaling) ([table 1](#msv349-T1){ref-type="table"}).

In addition to the significant gene-level overlap between the two studies, we observed significant overlap between the PPI networks constructed from each set of candidate genes (summarized in [fig. 2](#msv349-F2){ref-type="fig"}). We examined the overlap by comparing the first-order networks 1) at the level of node overlap and 2) at the level of edge (interaction) overlap. Three hundred seven GWAS seeds formed a network of 3,324 nodes, while our previous set of candidates mapped to 337 seeds forming a network that comprised 3,215 nodes. One thousand eight hundred twenty-six, or ∼55%, of the nodes overlapped between networks, which was significantly higher than the null distribution estimated from 1,000 simulations (mean simulated overlap ± SD: 1,304 ± 143 nodes; observed overlap at the 99.9th percentile; [fig. 2*A* and *C*](#msv349-F2){ref-type="fig"}). The overlap at the interaction level was not significantly higher than expected (mean simulated overlap ± SD: 25,704 ± 4,024 edges; observed overlap: 30,686 edges; 89th percentile; [fig. 2*B* and *D*](#msv349-F2){ref-type="fig"}). Hive plots were used to visualize the separate networks ([supplementary fig. S4](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1)*A* and *B*, [Supplementary Material](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1) online) as well as the overlap between the networks ([supplementary fig. S4](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1)*C*, [Supplementary Material](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1) online). F[ig]{.smallcaps}. 2.Observed versus simulated network overlap between the GWAS first-order PPI network and the first-order PPI network from the [@msv349-B83] gene list. Overlap is presented in terms of (*A*) node number and (*B*) edge number. Networks were simulated by resampling from the entire *Drosophila melanogaster* gene list (r5.53) as described in the text. The histogram shows the distribution of overlap measures for 1,000 simulations. The black line represents the histogram as density and the blue line shows the corresponding normal distribution. The red vertical line shows the observed overlap from the real networks, labeled as a percentile of the normal distribution. Area-proportional Venn diagrams summarized the extent of overlap for PPI networks constructed separately from the GWAS candidates and [@msv349-B83] candidates (labeled "previous study"). (*C*) Overlap expressed as the number of nodes. Approximately 55% of the nodes overlapped between the two studies which was significantly higher than simulated expectations (99.9% percentile; 2B). (*D*) Overlap expressed in the number of interactions. This was not significantly higher than expected by simulation (89th percentile; 2B). (*E*) Overlap at the level of GO biological process terms (directly compared GO terms by name; this was not tested statistically because of the complex hierarchical nature of GO terms and is presented for interest).

Given the high degree of shared nodes from distinct sets of protein seeds, we compared the networks for biological function ([fig. 2*E*](#msv349-F2){ref-type="fig"}). Both networks produced long lists of significantly enriched GO terms ([supplementary table S3](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1), [Supplementary Material](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1) online) and assessing overlap was difficult due to the nonindependent nature of GO hierarchies. However, a comparison of functional pathway enrichment revealed some differences. Although both networks showed enrichment in the immune system pathways, the ribosome, and Notch and NGF signaling pathways, as well as some involvement of gene expression and translation pathways, the network constructed from the Telonis-Scott et al. ([@msv349-B83]) gene list showed extensive involvement of cell cycle pathway proteins, as well as significant enrichment for Wnt signaling, EGRF signaling, DNA double-strand break repair, axon guidance, gap junction trafficking, and apoptosis pathways, which were not enriched in the GWAS network. The GWAS network was specifically enriched for dorso-ventral axis formation, oocyte maturation, and many more gene expression pathways than the [@msv349-B83] gene network ([table 2](#msv349-T2){ref-type="table"} and [supplementary table S3](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1), [Supplementary Material](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1) online).

Discussion
==========

Genomic Signature of Desiccation Resistance from Natural Standing Genetic Variation
-----------------------------------------------------------------------------------

We report the first large-scale genome-wide screen for natural alleles associated with survival of low humidity conditions in *D. melanogaster*. By combining a powerful natural association study with high-throughput Pool-seq, we mapped SNPs associated with desiccation resistance in 500 naturally derived genotypes. Although Pool-seq has limited power to reveal very low frequency alleles, to reconstruct phase or adequately estimate allele frequencies in small pools ([@msv349-B63]), the Pool-GWAS approach has been validated by retrieval of known candidate genes involved in body pigmentation, using similar numbers of genotypes as assessed here ([@msv349-B7]).

Although studies in controlled genetic backgrounds report large effects of single genes on desiccation resistance ([Table 1](#msv349-T1){ref-type="table"}), our current and previous screens revealed similarly large numbers of variants (over 600) mapping to over 300 genes. A polygenic basis of desiccation resistance is consistent with quantitative genetic data for the trait ([@msv349-B30]), and we also anticipate more complexity from natural *D. melanogaster* populations with greater standing genetic variation than inbred laboratory strains. However, some false positive associations are likely in the GWAS due to the limitations of quantitative trait mapping approaches. Pooled evolve-and-resequence experiments routinely yield vast numbers of candidate SNPs, partly due to high levels of standing linkage disequilibrium (LD) and hitchhiking neutral alleles ([@msv349-B101]). Large population sizes from species with low levels of LD such as *D. melanogaster* somewhat circumvent this issue, and a notable feature of our experimental design is our sampling. Here, we selected the most desiccation-resistant phenotypes directly from substantial standing genetic variation where one generation of recombination should largely reflect natural haplotypes.

We observed the largest candidate allele frequency differences in loci that had intermediate allele frequencies in the control pool. This is in line with population genetics models which predict that evolution from standing genetic variation will initially be strongest for intermediate frequency alleles, which can facilitate rapid change ([@msv349-B62]). However, we also observed a number of low frequency alleles which if beneficial can inflate false positives due to long-range LD ([@msv349-B69]; [@msv349-B68]; [@msv349-B89]). Nonetheless, spurious LD associations cannot fully account for our candidate list as evidenced by the desiccation functional candidates and cross-study overlap. Furthermore, chromosome inversion dynamics can also generate both short and long-range LD and contribute numerous false positive SNP phenotype associations ([@msv349-B43]; [@msv349-B89]), but we found little association between the desiccation pool and inversion frequency changes, consistent with the lack of latitudinal patterns in desiccation resistance/and trait/inversion frequency associations in east Australian *D. melanogaster* ([@msv349-B39]; [@msv349-B98]).

Cross-Study Comparison Reveals a Core Set of Candidates for a Complex Trait
---------------------------------------------------------------------------

Our data contain many candidate genes, functions, and pathways for insect desiccation resistance, but partitioning genuine adaptive loci from experimental noise remains a significant challenge. We therefore focus our efforts on our novel comparative analysis, where we identified 45 robust candidates for further exploration. Common genetic signatures are rarely documented in cross-study comparisons of complex traits ([@msv349-B73]; [@msv349-B44]; but c.f. [@msv349-B92]), and never before for desiccation resistance. Some degree of overlap between our studies likely results from a shared genetic background from similar sampling sites, highlighting the replicability of these responses. One limitation of this approach is the overpopulation of the "core" list by longer genes. This result reflects the gene length bias inherent to GWAS approaches, an issue that is not straightforward to correct in a GWAS let alone in the comparative framework applied here. A focus on the common genes functionally linked to the desiccation phenotype can provide a meaningful framework for future research, and also suggests that some large-effect candidate genes exhibit natural variation contributing to the phenotype ([table 1](#msv349-T1){ref-type="table"}).

Other feasible candidates include genes expressed in the MTs ([@msv349-B94]) or essential for MT development ([@msv349-B80]), providing further research opportunity focused on the primary stress sensing and fluid secretion tissues. Genes include one of the most highly expressed MT transcripts *CG7084*, as well as *dnc*, *Nckx30C*, *slo*, *cv-c*, and *nkd*. Other aspects of stress resistance are also implicated: *CrebB*, for example, is involved in regulating insulin-regulated stress resistance and thermosensory behavior ([@msv349-B93]). *nkd* also impacts larval cuticle development, and shares a PDZ signaling domain also present in the desiccation candidate *desi* ([@msv349-B52]; [@msv349-B80]). Finally, several core candidates were consistently reported in recent studies suggesting generalized roles in stress responses and fitness including transcriptome studies on MT function ([@msv349-B94]), inbreeding and cold resistance ([@msv349-B92]), oxidative stress ([@msv349-B97]), and genomic studies exploring age-specific SNPs on fitness traits ([@msv349-B27]), and genes likely under spatial selection in flies from climatically divergent habitats ([@msv349-B29]).

Several of the enriched GO categories from the core list also make biological sense, including stimulus response (almost half the suite), defense, and signaling, particularly in pathways involved in MT stress sensing ([@msv349-B22][@msv349-B21][@msv349-B20]). Functional categories enriched for sensory organ development were highlighted, consistent with environmental sensing categories from desert *Drosophila* transcriptomics ([@msv349-B66]; [@msv349-B72]) and stress detection via phototransduction pathways in *D. melanogaster* under a range of stressors including desiccation ([@msv349-B79]).

Evidence for Conserved Signatures at Higher Level Organization
--------------------------------------------------------------

Beyond the gene level, we observed a striking degree of similarity between this study and that of [@msv349-B83] at the network level, where significantly overlapping protein networks were constructed from largely different seed protein sets. This supports a scenario where the "biological information flow from DNA to phenotype" ([@msv349-B17]) contains inherent redundancy, where alternative genetic solutions underlie phenotypes and functions. Resistance to perturbation by genetic or environmental variation appears to increase with increasing hierarchical complexity, that is, phenotype "buffering" ([@msv349-B33]). The same functional network in different populations/genetic backgrounds can be impacted, but the exact genes and SNPs responding to perturbation will not necessarily overlap. In *Drosophila*, different sets of loci from the same founders mapped to the same PPI network in the case of two complex traits, chill coma recovery and startle response ([@msv349-B44]). Furthermore, interspecific shared networks/pathways from different genes have been documented for numerous complex traits ([@msv349-B28]; [@msv349-B6]; [@msv349-B47]), providing opportunities for investigating taxa where individual gene function is poorly understood.

Although the null distribution is not always obvious when comparing networks and their functions partly because of reduced sensitivity from missing interactions ([@msv349-B57]), here, the shared network signatures portray a plausible multifaceted stress response involving stress sensing, rapid gene accessibility, and expression. The predominance of immune system and stress response pathways are of interest with reference immunity/stress pathway "cross-talk," particularly in the MTs, where abiotic stressors elicit strong immunity transcriptional responses ([@msv349-B22]). The higher order architectures reflect crucial aspects of rapid gene expression control in response to stress, from chromatin organization ([@msv349-B1]) to transcription, RNA decay, and translation (reviwed in [@msv349-B24]). In *Drosophila*, variation in transcriptional regulation of individual genes can underpin divergent desiccation phenotypes ([@msv349-B15]), or be functionally inferred from patterns of many genes elicited during desiccation stress ([@msv349-B72]). Variants with potential to modulate expression at different stages of gene expression control were evident in our GWAS data alone, for example, enrichment for 5′UTR and splice variants at the SNP level, and for chromatin and chromosome structure terms at the functional level.

Genetic Overlap Versus Genetic differences---Causes and Implications
--------------------------------------------------------------------

Despite the common signatures at the gene and higher order levels between our studies, pervasive differences were observed. These can arise from differences in standing genetic variation in the natural populations where different allelic compositions impact gene-by-environment interactions and epistasis. Our network overlap analyses highlight the potential for different molecular trajectories to result in similar functions ([@msv349-B57]), consistent with the multiple physiological pathways potentially available to *D. melanogaster* under water stress ([@msv349-B14]). Experimental design also presumably contributed to the study differences. Strong directional selection as applied in the 2012 study can increase the frequency of rare beneficial alleles and likely reduced overall diversity than did the single-generation GWAS design. Furthermore, selection regimes often impose additional selective pressures (e.g., food deprivation during desiccation) resulting in correlated responses such as starvation resistance with desiccation resistance and these factors differ from the laboratory to the field. Finally, evidence suggests in natural *D. melanogaster* that standing genetic variation can vary extensively with sampling season ([@msv349-B48]; [@msv349-B8]). Although we cannot compare levels of standing variation between our two studies, evidence suggests that this may have affected the *Dys* gene, where our GWAS approach revealed no differentiation between the control and resistant pools at this locus, but rather detected the alleles associated with the selective sweep in [@msv349-B83] in both pools at high frequency. Whether this resulted from sampling the later collection after a long drought (2004--2008; [www.bom.gov.au/climate](http://www.bom.gov.au/climate), last accessed January 13, 2016) is unclear, but this observation highlights the relevance of temporal sampling to standing genetic variation when attempting to link complex phenotypes to genotypes.

Materials and Methods
=====================

Natural Population Sampling
---------------------------

*Drosophila melanogaster* was collected from vineyard waste at Kilchorn Winery, Romsey, Australia, in April 2010. Over 1,200 isofemale lines were established in the laboratory from wild-caught females. Species identification was conducted on male F~1~ to remove *Drosophila simulans* contamination, and over 900 *D. melanogaster* isofemale lines were retained. All flies were maintained in vials of dextrose, cornmeal media at 25 °C, and constant light.

Desiccation Assay
-----------------

From each isofemale line, ten inseminated F~1~ females were sorted by aspiration without CO~2~ and held in vials until 4--5 days old. For the desiccation assay, 10 females per line (over 9,000 flies in total) were screened by placing groups of females into empty vials covered with gauze and randomly assigning lines into 5 large sealed glass tanks containing trays of silica desiccant (relative humidity \[RH\] \<10%). The tanks were scored for mortality hourly and the final 558 surviving individuals were selected for the desiccation-resistant pool (558 flies, \<6% of the total). The control pool constituted the same number of females sampled from over 200 randomly chosen isofemale lines that were frozen prior to the desiccation assay. We chose this random control approach instead of comparing the phenotypic extremes (i.e., the late mortality tail vs. the "early mortality" tail) because unfavorable environmental conditions experienced by the wild-caught dam may inflate environmental variance due to carryover effects in the F~1~ offspring ([@msv349-B74]).

DNA Extraction and Sequencing
-----------------------------

We used pooled whole-genome sequencing (Pool-seq) ([@msv349-B34]) to estimate and compare allele frequency differences between the most desiccation-resistant and randomly sampled flies from a wild population to associate naturally segregating candidate SNPs with the response to low humidity. For each treatment (resistant and control), genomic DNA was extracted from 50 female heads using the Qiagen DNeasy Blood and Tissue Kit according to the manufacturer's instructions (Qiagen, Hilden, Germany). Two extractions were combined to create five pools per treatment, which were barcoded separately to create technical replicates (total: 10 × pools of 100 flies, *n* = 1,000). The DNA was fragmented using a CovarisS2 machine (Covaris, Inc., Woburn, MA), and libraries were prepared from 1 μg genomic DNA (per pool of 100 flies) using the Illumina TruSeq Prep module (Illumina, San Diego, CA). To minimize the effect of variation across lanes, the ten pools were combined in equal concentration ([fig. 3](#msv349-F3){ref-type="fig"}) and run multiplexed in each lane of a full flow cell of an Illumina HiSeq 2000 sequencer. Clusters were generated using the TruSeq PE Cluster Kit v5 on a cBot, and sequenced using Illumina TruSeq SBS v3 chemistry (Illumina). Fragmentation, library construction, and sequencing were performed at the Micromon Next-Gen Sequencing facility (Monash University, Clayton, Australia). F[ig]{.smallcaps}. 3.Experimental design. See text for further explanation.

Data Processing and Mapping
---------------------------

Processing was performed on a high-performance computing cluster using the Rubra pipeline system that makes use of the Ruffus Python library ([@msv349-B37]). The final variant-calling pipeline was based on a pipeline developed by Clare Sloggett ([@msv349-B76]) and is publicly available at <https://github.com/griffinp/GWAS_pipeline> (last accessed January 13, 2016). Raw sequence reads were processed per sample per lane, with P1 and P2 read files processed separately initially. Trimming was performed with trimmomatic v 0.30 ([@msv349-B61]). Adapter sequences were also removed. Leading and trailing bases with a quality score below 30 were trimmed, and a sliding window (width = 10, quality threshold = 25) was used. Reads shorter than 40 bp after trimming were discarded. Quality before and after trimming was examined using FastQC v 0.10.1 ([@msv349-B4]).

Posttrimming reads that remained paired were used as input into the alignment step. Alignment to the *D. melanogaster* reference genome version r5.53 was performed with bwa v 0.6.2 ([@msv349-B58]) using the bwa aln command and the following options: No seeding (-l 150); 1% rate of missing alignments, given 2% uniform base error rate (-n 0.01); a maximum of 2 gap opens per read (-o 2); a maximum of 12 gap extensions per read (-e 12); and long deletions within 12 bp of 3′ end disallowed (-d 12). The default values were used for all other options. Output files were then converted to sorted bam files using the bwa sampe command and the "SortSam" option in Picard v 1.96.

At this point, the bam files were merged into one file per sample using PicardMerge. Duplicates were identified with Picard MarkDuplicates. The tool RealignerTargetCreator in GATK v 2.6-5 ([@msv349-B25]) was applied to the ten bam files simultaneously, producing a list of intervals containing probable indels around which local realignment would be performed. This was used as input for the IndelRealigner tool, which was also applied to all ten bam files simultaneously.

To investigate the variation among technical replicates, allele frequency was estimated based on read counts for each technical replicate separately, for 100,000 randomly chosen SNPs across the genome. After excluding candidate desiccation-resistance SNPs and SNPs that may have been false positives due to sequencing error (those with mean frequency \<0.04 across replicates), 1,803 SNPs remained. For each locus, we calculated the variance in allele frequency estimate among the five control replicates, and the variance among the five desiccation-resistance replicates. We compared this with the variance due to pool category (control vs. desiccation resistant) using analysis of variance (ANOVA). We also calculated the mean pairwise difference in allele frequency estimate among control and among desiccation-resistance replicates, and the mean concordance correlation coefficient was calculated over all pairwise comparisons within pool category (using the epi.ccc function in the epiR package; [@msv349-B81]).

The following approach was then taken to identify SNPs differing between the desiccation-resistant and control groups. Based on the technical replicate analysis, we merged the five "desiccation-resistant" and the five random control samples into two bam files. A pileup file was created with samtools v. 0.1.19 ([@msv349-B59]) and converted to a "sync" file using the mpileup2sync script in Popoolation2 v. 1.201 ([@msv349-B55]), retaining reads with a mapping quality of at least 20 and bases with a minimum quality score of 20. Reads with unmapped mates were also retained (option --A in samtools mpileup). For this step, we used a repeat-masked version of the reference genome created with RepeatMasker 4.0.3 ([@msv349-B77]-2015) and a repeat file containing all annotated transposons from *D. melanogaster* including shared ancestral sequences (Flybase release r5.57) plus all repetitive elements from RepBase release v19.04 for *D. melanogaster*. Simple repeats, small RNA genes, and bacterial insertions were not masked (options --nolow --norna --no_is). The rmblast search engine was used.

Association Analysis
--------------------

We then performed Fisher's exact test with the Fisher test script in Popoolation2 ([@msv349-B55]). We set the minimum count (of the minor allele) = 10, minimum coverage (in both populations) = 20, and maximum coverage = 10,000. The test was performed for each SNP (sliding window off). Although there are numerous approaches to calculating genome-wide significance thresholds in a Poolseq framework, currently there is no consensus on an appropriate, standardized statistical method. Methods include simulation approaches ([@msv349-B69]; [@msv349-B7]; [@msv349-B11]), correction using a null distribution based on estimating genetic drift from replicated artificial selection line allele frequency variance ([@msv349-B91]), use of a simple threshold based on a minimum allele frequency difference ([@msv349-B90]), and the FDR correction suggested by [@msv349-B82] (used by [@msv349-B29]).

We determined based on our design to calculate the FDR threshold by comparison with a simulated distribution of null *P* values following the approach of [@msv349-B7]. For each SNP locus, a *P* value was calculated by simulating the distribution of read counts between the major and minor allele according to a beta-binomial distribution with mean α/(α + β) and variance (αβ)/((α + β)^2^(α + β+1)). This model allowed for two types of sampling variation: Stochastic variation in allele sampling across the phenotypes and the background variation in the representation of alleles in each pool caused by library preparation artifacts or stochastic variation driven by unequal coverage of the pools. These sources of variation have also been recognized elsewhere as being important in interpreting pooled sequence allele calls and identifying significant differentiation between pooled samples ([@msv349-B63]). The value of α = 37 was chosen by chi-square test as the best match to the observed *P* value distribution (α = 10 to α = 40 were tested), with a corresponding β = 43.15 to reflect the coverage depth difference between the random control (487×) and desiccation-resistant (568×) pools. These values were then used to simulate a null data set 10× the size of the observed data set. Because the null *P* value distribution still did not fit the observed *P* value distribution particularly well ([supplementary fig. S2](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1), [Supplementary Material](http://mbe.oxfordjournals.org/lookup/suppl/doi:10.1093/molbev/msv349/-/DC1) online), these values were not used for a standard FDR correction. Instead, a *P* value threshold was calculated based on the lowest 0.05% of the null *P* values similar in approach to [@msv349-B69].

Inversion Analysis
------------------

In *D. melanogaster*, several cosmopolitan inversion polymorphisms show cross-continent latitudinal patterns that explain a substantial proportion of clinal variation for many traits including thermal tolerance (reviewed in [@msv349-B43]). Patterns of disequilibria generated between loci in the vicinity of the rearrangement can obscure signals of selection ([@msv349-B43]), and inversion frequencies are routinely considered in genomic studies of natural populations sampled from known latitudinal clines ([@msv349-B29]; [@msv349-B51]). We assessed associations between inversion frequencies and our control and resistant pools at SNPs diagnostic for the following inversions: In3R(Payne) ([@msv349-B2]; [@msv349-B51]); In(2L)t ([@msv349-B3]; [@msv349-B51]); In(2R)Ns, In(3L)P, In(3R)C, In(3R)K, and In(3R)Mo ([@msv349-B51]). Between one and five diagnostic SNPs were investigated for each inversion (depending on availability). We considered an inversion to be associated with desiccation resistance if the frequency of its diagnostic SNP differed significantly between the control and desiccation-resistant pools by a Fisher's exact test.

Genome Feature Annotation
-------------------------

The list of candidate SNPs was converted to vcf format using a custom R script, setting the alternate allele as the allele that increased in frequency from the control to the desiccation-resistant pool, and setting the reference allele as the other allele present in cases where both the major and minor alleles differed from the reference genome. The genomic features in which the candidate SNPs occurred were annotated using snpEff v4.0, first creating a database from the *D. melanogaster* v5.53 genome annotation, with the default approach ([@msv349-B16]). The default annotation settings were used, except for setting the parameter "-ud 0" to annotate SNPs to genes only if they were within the gene body. Using χ^2^ tests on SNP counts, we tested for over- or under-enrichment of feature types by calculating the proportion of 'all' features from all SNPs detected in the study and the proportion of "candidate" SNPs identified as differentiated in desiccation-resistant flies ([@msv349-B29]).

*G*O Analysis
-------------

GO analyses was used to associate the candidates with their biological functions ([@msv349-B5]). Previously developed for biological pathway analysis of global gene expression studies ([@msv349-B95]), typical GO analysis assumes that all genes are sampled independently with equal probability. GWAS violate these criteria where SNPs are more likely to occur in longer genes than in shorter genes, resulting in higher type I error rates in GO categories overpopulated with long genes. Gene length as well as overlapping gene biases ([@msv349-B96]) were accounted for using Gowinda ([@msv349-B56]), which implements a permutation strategy to reduce false positives. Gowinda does not reconstruct LD between SNPs but operates in two modes underpinned by two extreme assumptions: 1) Gene mode (assumes all SNPs in a gene are in LD) and 2) SNP mode (assumes all SNPs in a gene are completely independent).

The candidates were examined in both modes, but given the stringency of gene mode, high-resolution SNP mode output was utilized for the final analysis with the following parameters: 10^6^ simulations, minimum significance =1, and minimum genes per GO category = 3 (to exclude gene-poor categories). *P* values were corrected using the Gowinda FDR algorithm. GO annotations from Flybase r5.57 were applied.

Candidate Gene Analysis
-----------------------

In conjunction with the GO analysis, we also examined known candidate genes associated with survival under low RH to better characterize possible biological functions of our GWAS candidates. We took a conservative approach to candidate gene assignment, where the SNPs were mapped within the entire gene region without up- and downstream extensions. Genes were curated from FlyBase and the literature ([table 1](#msv349-T1){ref-type="table"}), predominantly using detailed functional experimental evidence as criteria for functional desiccation candidates.

Network Analysis
----------------

We next obtained a higher level summary of the candidate gene list using PPI network analysis. The full candidate gene list was used to construct a first-order interaction network using all *Drosophila* PPIs listed in the *Drosophila* Interaction Database v 2014_10 (avoiding interologs) ([@msv349-B67]). This "full" PPI network includes manually curated data from published literature and experimental data for 9,633 proteins and 93,799 interactions. For the network construction, the igraph R package was used to build a subgraph from the full PPI network containing the candidate proteins and their first-order interacting proteins ([@msv349-B19]). Self-connections were removed. Functional enrichment analysis was conducted on the list of network genes using FlyMine v40.0 ([www.flymine.org](http://www.flymine.org), last accessed January 13, 2016) with the following parameters for GO enrichment and KEGG/Reactome pathway enrichment: Benjamini--Hochberg FDR correction *P* \< 0.05, background = all *D. melanogaster* genes in our full PPI network, and Ontology (for GO enrichment only) = biological process or molecular function.

Cross-Study Comparison: Overlap with Our Previous Work
------------------------------------------------------

Following on from the comparison between our gene list and the candidate genes suggested from the literature, we quantitatively evaluated the degree of overlap between the candidate genes identified in this study with alleles mapped in our previous study of flies collected from the same geographic region ([@msv349-B83]). The "overlap" analysis was performed similarly for the GWAS candidate gene and network-level approaches. First, the gene list overlap was tested between the two studies using Fisher's exact test, where the 382 genes identified from the candidate SNPs (this study) were compared with 416 genes identified from candidate single feature polymorphisms ([@msv349-B83]). The contingency table was constructed using the number of annotated genes in the *D. melanogaster* R5.53 genome built as an approximation for the total number of genes tested in each study, and took the following form: Not in GWASIn GWASNot in [@msv349-B83]*N* -- intersect-*A*--*BA*-intersectIn [@msv349-B83]*B*-intersectIntersect(*A*,*B*)

where A = gene list from [@msv349-B83], *n* = 416; B = gene list from this study, *n* = 382; *N* = total number of genes in *D. melanogaster* reference genome r5.53, *n* = 17,106.

To annotate genome features in the overlap candidate gene list, we used the SNP data (this study), which better resolves alleles than array-based genotyping. Due to this limitation, we did not compare exact genomic coordinates between the studies, but considered overlap to occur when differentiated alleles were detected in the same gene in both studies. We did however examine the allele frequencies around the *Dys-RF* promoter, which was sequenced separately revealing a selective sweep in the experimental evolution lines ([@msv349-B83]).

The overlapping candidates were tested for functional enrichment using a basic gene list approach. As genes rather than SNPs were analyzed here, Fly Mine v40.0 ([www.flymine.org](http://www.flymine.org)) was applied with the following parameters: Gene length normalization, Benjamini--Hochberg FDR correction *P* \< 0.05, Ontology = biological process, and default background (all GO-annotated *D. melanogaster* genes).

Finally, we constructed a second PPI network from the candidate genes mapped in [@msv349-B83] to examine system-level overlap between the two studies. The 416 genes mapped to 337 protein seeds and the network was constructed as described above. The degree of network overlap between the two studies was tested using simulation. In each iteration, a gene set of the same length as the list from this study and a gene set of the same length as the list from [@msv349-B83] were resampled randomly from the entire *D. melanogaster* mapped gene annotation (r5.53). Each resampled set was then used to build a first-order network as previously described. The overlap network between the two resampled sets was calculated using the graph.intersection command from the igraph package, and zero-degree nodes (proteins with no interactions) were removed. Overlap was quantified by counting the number of nodes and the number of edges in this overlap network. The observed overlap was compared with a simulated null distribution for both node and edge number, where *n* = 1,000 simulation iterations.
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